Microbial communities have adapted to greatly variable environments in order to survive both 5 short-term perturbations and permanent changes. The diauxic shift of Escherichia coli, growing first 6 on glucose and, after it is exhausted, on acetate, is still today actively studied. As a fundamental 7 example of metabolic adaptation, we are interested in understanding if diauxie in monocultures of 8 E. coli is a coordinated and uniform metabolic shift, or rather the observable emergent result of 9 individual sub-populations behavior. To do so we first develop a modeling framework that integrates 10 dynamic models (ordinary differential equation systems) with structural models (metabolic networks),
from a survival strategy where individual cells differentiate for optimal growth on different substrates 79 in view of environmental fluctuations. We use a modeling approach that integrates ordinary differential (Fig. S1 ). The parameters for the simulations are reported in Tab. 2 and 3, and the 99 only flux constraints that we calibrate to the data are the oxygen uptake rate and the maximal acetate 100 secretion rate. We use the same GEM model to reproduce the results from Enjalbert et al. [22] , changing 101 only the initial values of biomass, glucose and acetate (Fig. 1) . While the pFBA simulation ( Fig. 1(a) ) 102 shows a brief shift to growth on acetate at the time of glucose exhaustion (∼ 4 hr), the MOMA simulation 103 predicts a complete growth arrest already at that point, with a minimal acetate consumption to satisfy 104 the ATP maintenance requirement implemented in the GEM (Fig. 1(b) ). Both simulations well capture glucose consumption and acetate secretion, but neither of them is able to reproduce the slow acetate 106 consumption observed experimentally. We evaluate the agreement between experiment and simulation 107 with the R 2 distance between in vivo and in silico data for the biomass (pFBA R 2 = 0.989; MOMA the experimental scenarios ( Fig. S10 , S11, S12). Fig. 4 (a) shows that an E. coli population starting with 160 95% EC Glc and 5% EC Ac well describes the biomass dynamics (R 2 = 0.985) and the glucose exhaustion including also the distribution of the biomass ratio in the mother cultures, for a limited set of parameters. were too low to support growth it was sufficient to model the transition as a constant random process.
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In contrast, in order to reproduce the data under conditions with high acetate concentrations, we had the "wrong" carbon source (Tab. S5 and Fig. S16 ). By allowing the glucose-consumer population sampled 265 from glucose mother cultures to have a reduced growth on acetate, we are mimicking a situation where 266 cells stored resources and are able to survive a bit longer ( Fig. S16(a) ). On the other hand, allowing a 267 reduced growth on acetate (glucose) for the glucose-consumer (acetate-consumer) population that was 268 exposed to both carbon sources in the mixed mother cultures, could be a proxy for a memory effect. It was Outlook. There is experimental evidence that bacteria differentiate into sub-populations as a result 280 of survival strategies [25, 26] . Here we presented a study on a simple system with only two sub-populations 281 growing in environments with at most two carbon sources. Our approach can be easily expanded to This simplification is both practical and plausible when we observe population dynamics as the emergent 289 properties of individual behavior and works well in dynamically changing environments with a continuous 290 transient. However, rather than having a well defined metabolic state, especially during the transition 291 between states, cells might exhibit a mixed state, which could be described as a superposition of 'pure' 292 states, much in analogy to the state vectors in quantum physics. We think that further investigations of 293 this novel concept of superimposed metabolic states might provide a promising new approach to study 294 the principles of metabolic regulation.
4 Materials and Methods

296
FBA methods used. In stoichiometric models the stoichiometry matrix S(m × n) is defined with the row and column dimensions corresponding to the numbers of metabolites m and reactions n respectively, the elements s ij being the stoichiometric coefficients of metabolite i taking part in reaction j. FBA defines and solves the following LP problem:
subject to :
The steady-state assumption (Eq. 2) gives a system of equations that is under-determined and has an 297 infinite number of solutions. Constraints on the fluxes (Eq. 3) allow to restrict the solutions to a convex 298 solution space, which is however still infinite. The definition of an objective (Eq. 1) selects one solution, 299 which however is in general still not unique for large (genome-scale) metabolic networks. 300 We consider in the following two extensions to the FBA problem definition, namely pFBA [14] and 301 MOMA [15]. We then use these two methods to solve the FBA problem in an approach similar to 302 dFBA [16] . Assuming that metabolism is evolved towards an efficient use of resources, pFBA finds the 303 minimal flux distribution that returns the same objective defined by the FBA problem. We use the 304 pFBA implementation from COBRApy [31] with maximal flux through the biomass reaction as objective 305 function. Considering that metabolism has to respond quickly to perturbations, MOMA implements a 306 quadratic algorithm to find the FBA solution after gene deletion that is most similar to the optimal wild 307 type configuration. We use the MOMA implementation from COBRApy [31] in the linear approximation, 308 with a slight modification to allow the reset of the LP problem in an iterative way, necessary to run 309 MOMA within the dFBA approach. Indeed, the MOMA solution obtained at time t i is used to compute 310 the MOMA solution at time t i+1 as the minimally different solution that satisfies the objective function.
311
Also here the objective function is maximal flux through the biomass reaction.
312
Modeling framework integrating ODE and FBA. In the SOA of dFBA the boundary conditions in Eq. 3 are updated at discrete time steps according to the solution of the FBA problem in the previous time interval. Assuming quasi-steady-state conditions, i.e. that metabolism readjustments are faster than external environmental changes, dFBA can approximate the dynamic response of a GEM to a changing environment. Our approach is an extension of dFBA. The model is built as a system of ODEs, whose dimension depends on the dynamics to be modeled. Each ODE describes the variation in time of either an organism's biomass, metabolites, or other regulatory/dynamic processes. The biomasses and the metabolites can, but don't have to, correspond to the respective variables in a GEM. Their ODEs vary according to a function that can then depend on the flux solutions v [35] . In particular, we use COBRApy methods to solve the FBA 322 problems and python integrators from the scipy.integrate method ode to solve the system of ordinary 323 differential equations.
324
E. coli uniform population model. The GEM of E. coli used is the core model from [36] downloaded from http://bigg.ucsd.edu/models/e_coli_core. The E. coli model EC any is constrained on the consumption of "any" carbon sources (glucose, Gl, or acetate, Ac) solely by the environmental conditions, and the lower bound of the exchange reactions (EX Glc e and EX Ac e respectively) follows two simple Michaelis-Menten kinetics
(6)
The ODE system is defined as
where v µ is the reaction rate of the biomass function (proxy for growth rate) in the FBA model, δ is 325 the cell death rate and ξ fed-batch is a positive rate in fed-batch conditions and zero in batch conditions.
326
Parameters and initial conditions are reported in Table 3 . Either pFBA or MOMA are used to solve the 327 FBA problem.
328
E. coli mixed population model. Two E. coli core models are loaded and defined as either Glucose consumer (EC Glc ) or Acetate consumer (EC Ac ) by switching off uptake of the other carbon source (13)
dBM
where ζ · H(t − t x ) is a Heaviside function activated at the time t x of glucose exhaustion in order to keep acetate constant, and ψ and φ are functions that model the cellular shift from EC Glc to EC Ac and EC Ac to EC Glc , respectively, and 0 < ε < 1 is a positive factor representing the transition efficiency. The functions ψ and φ are modeled as Hill functions with a noise offset
and for V φ M = V ψ M = 0 they are constant transition rates. Parameters and initial conditions are reported 329 in Table 3 . For mixed population simulations, pFBA is used to solve the FBA problem.
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Switch experiment simulations. Two E. coli mixed population model simulations are run as "mother cultures" as shown in Table 3 for "M9G" and "M9GA" conditions (glucose and glucose plus acetate, respectively). From each mother culture we sample 11 time points between -1 and +1.5 hours from the respective GE time (4.6 hours for M9G and 3.9 hours M9GA) to obtain the biomass ratio between EC Glc and EC Ac to be used as initial condition for the re-inoculation simulations. The percentage of EC Glc biomass at these time points is reported in Table 4 . The "daughter cultures" are then grown either in "M9G" or "M9A" conditions (glucose and acetate only, respectively; see Table 3 ). A total of 44 simplified simulations (see Text S4) are hence run, 11 for each of the following 4 switch experiments: M9G to M9G; M9G to M9A; M9GA to M9G; M9GA to M9A. For each simulation, the lag time is computed according to Enjalbert et al.
[22]:
where X 0 is the total initial E. coli biomass, X 1 is the total E. coli biomass value at time t 1 (chosen as
